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I. INTRODUCTION
W E ARE witnessing the rapid development of modern cities, in which transportation is one of the most important services. The increasing demands of efficient innercity transportation call for the availability of metro systems in numerous cities. These metro systems have been becoming important and preferred public tools. To improve the metro services, such as schedule planning, evacuation policy making, and marketing, it is necessary to understand the spatio-temporal travel patterns of individual passengers. Here are several real-world application examples by our study, as follows.
• Market Evaluation: Better understanding of the travel patterns of individual passengers can enable transit authorities to evaluate their current services or help to adjust their marketing strategies to encourage higher usage [1] . For example, passengers as customers often quite concern new marketing policies, which can be reflected by their travel behaviors. Considering a company is to sell new monthly passes, to mine passenger travel patterns, showing their behaviors, can help to estimate both traffic and income variation before and after the release of the new passes.
• Anomaly Detection: The abuse of metro systems is an intractable problem. For example, after passing the tollgates, home-less people can travel back and forth between lines for begging by simply changing their clothes to avoid suspicion. Another example, thefts often happen in public transit systems, because passengers are inclined to pay less attention to their belongings when they are in a crowded environment [2] . Based on passenger travel pattern analysis, we can spot these abnormal behaviors in terms of space and time, which can help metro companies detect those special passengers.
• Social Networking: The "familiar stranger" is an interesting phenomena in modern cities [3] . Social demands thus grow exponentially. Many developers based on the application needs are developing social apps connecting passengers with similar public mobility patterns, which would also benefit from this study.
1524-9050 © 2017 IEEE. Personal use is permitted, but republication/redistribution requires IEEE permission. See http://www.ieee.org/publications_standards/publications/rights/index.html for more information. The increasing availability of individual travel history data collected by automated fare collection (AFC) systems, where passengers tap-in or tap-out through swapping smart card, brings us challenges as well as opportunities to understand individual's travel behavior from the raw data. On this topic, some techniques have been proposed base on AFC data, including predicting the movement destination for an individual passenger [4] , extracting the transit usage and access distance of a passenger [5] , recognizing individual passengers' travel regularity based on the similarity of their own trips [6] , etc. However, we study individual¡¯s general travel style and regularity travel patterns in terms of space and time. Based on three aspects, temporal, spatial and spatio-temporal, we define individual's travel patterns and we propose methods to retrieve the patterns. Then, for anomaly detection and regularity discovery, we analyze individual passengers' travel patterns by statistical-based and unsupervised cluster-based methods. Some interesting findings are shown in the paper. For example, we cluster metro passengers into four groups in terms of the similarity of their travel patterns. We find a group of passengers who usually take metro in one trip and return by bus. It is of importance to understand passengers¡¯choice on transportation tools. The results may be used to improve the metro services, such as to help metro companies attract more passengers by adjusting marketing policies based on how people choose between metros and buses. Next we find outlier passengers with travel patterns different from the majority, which are useful for metro companies, e.g., to design tickets. The overview of our methods is shown in Fig. 1 . First we extract each passenger's travel patterns based on their history trips. Then by statistical-based and unsupervised clusteringbased methods, we able to find the hidden regularity and anomaly of the travel patterns. The contribution of this paper lies in following aspects:
• We study individual travel patterns in terms of space and time and we propose methods to retrieve the patterns from the raw smart card transactions.
• We investigate passengers travel patterns for anomaly detection and regularity discovery. We analyze individual passengers' travel patterns by statistical-based and unsupervised cluster-based methods. We also show interesting findings of passenger behaviors buried in the datasets.
• We further consider bus transaction records for metro passenger behavior analysis, which is very useful for better understanding passengers' choices on transportation tools. The rest of this paper is organized as follows. Section II discusses the related work and dataset used in this study. Section III presents our methods to extract spatio-temporal travel patterns of individual passengers. The statistical-based and unsupervised clustering-based analyses are discussed in Section IV and Section V. Section VI concludes the paper with potential outline for future studies.
II. BACKGROUND

A. Related Work
In this section, we briefly review the literature from 3 aspects: 1) studies on smart card data, 2) behavior and pattern analysis, and 3) anomaly detection, respectively, in transportation research.
1) Smart Cards: Nowadays, the data generated in cities can help to tackle some issues in big cities, such as traffic congestion, pollution and so on [7] . Smart cards or city passes have been widely used in urban public transportation systems. The smart card data are studied in an increasing number of applications, including demand analysis, scheduling and so on [8] . We survey the representative studies as follows. Munizaga and Palma [9] presented a method to estimate a public transport OD matrix. Ma et al. [10] proposed a Markov chain based Bayesian decision tree algorithm to infer passengers boarding stops. Trépanier et al. [4] predicted get-off stations of bus passengers with smart card data. Morency et al. [11] analyzed transit riders' travel variability, they pointed out that better understanding of travel variability can help to reduce operational costs. Utsunomiya et al. [5] analyzed the frequency and the consistency of daily travel patterns of passengers using smart card transactions. Bagchi and White [12] used smart card data to infer turnover rates, trip rates, and the proportion of linked trips. Chu et al. [13] reconstructed bus passengers' itinerary, and spatial-temporal portraits on road networks. Agard et al. [14] defined user types based on their temporal regularity and daily patterns, and found that travel patterns are varied by card types. Ma et al. [6] analyzed individual passengers' travel behaviors and regularity based on the similarity between trips. Ma and Wang [15] developed a data-driven platform for online transit performance monitoring based on smart card and GPS data. Sun et al. [3] used public transit transaction records to find physical encounters who are with reproducible temporal patterns. Sun et al. estimated the spatio-temporal density of passengers inside metro systems [16] . Kusakabe et al. estimated which train was boarded by a passenger using smart card data [17] . Asakura et al. analyzed how the passengers changed their travel behaviors to accommodate the changes of train schedules [18] . Zhang et al. [19] proposed a method to extract spatio-temporal segmentation information of trips in a metro system, which is importance to estimate the spatio-temporal density inside a complex metro system. Zhao et al. [20] proposed an approach to estimate each passenger's route choice pattern in a complex metro network. Sun et al. formulated three optimization models to design demand-driven timetables for a single-track metro service [21] . Sun et al. also proposed an integrated bayesian statistical inference framework to characterize passenger flow assignment model in a complex metro system [22] . In this paper, we leverage smart card data to investigate individual's travel patterns in terms of space and time.
2) Behavior and Pattern Analysis: Recently, the increasing scales of urban infrastructures enable the collection of massive data, which provides the possibility to investigate user behaviors. A number of efforts have been made based on different data. One category of research is on communication data for user behavior and pattern analysis. For instance, Isaacman et al. [23] proposed an approach to modeling how people move within cities. Isaacman et al. [24] validated daily travel patterns for the people in two cities. Dufková et al. [25] proposed a method to predict the locations of cellphone users. Isaacman et al. [26] proposed to identify important locations of cellphone users. Next, GPS data are also widely used to analyze user behavioral patterns. For example, the studies [27] , [28] identified user locations based on the data from taxis and buses, respectively. Ge et al. [29] predicted taxi passenger demands. Ye et al. [30] presented a framework to effectively retrieve life patterns from GPS data. Liu et al. [31] study rationality from the perspective of user decision on visiting a point of interest (POI).
Then, for smart card data, most of the aforementioned research [4] - [6] , [9] , [11] - [14] mainly focused on mainly mine first-level knowledge about travel behavior, like significant places, possible destinations, regular trips. Compared with these studies, we study individual¡¯s general travel style and regularity travel patterns in terms of space and time. Based on three aspects, temporal, spatial and spatio-temporal, we define individual's travel pattern and we propose methods to retrieve the patterns. Then, in terms of anomaly detection and regularity discovery, we analyze individual passengers' travel patterns by statistical-based and unsupervised cluster-based methods. Some interesting findings are made. Moreover, to the best of our knowledge, this is the first study to analyze metro individual passengers¡¯travel patterns, which exhibits significance to many potential real-life applications.
3) Anomaly Detection: Anomaly detection is a problem of finding outliers in the data. Till now, many anomaly detection techniques have been specifically developed for various applications [32] , [33] . The techniques can be categorized as classification-based, distanced-based, clustered-based, and statistical-based, etc . Many existing anomaly detection studies focused on travel patterns extracted by GPS data. For instance, Pang et al. [34] detected flawed urban planning using GPS trajectories of taxi. Zheng et al. [35] detected collective anomalies (a collection of nearby locations that are anomalous during a few consecutive time intervals) from multiple spatio-temporal datasets. Lee et al. [36] proposed a partitionand-detect framework to detect outlying sub-trajectories from massive trajectory data. Ge et al. [37] provided an evolving trajectory outlier detection method by computing the outlying score for each trajectory in an accumulating way. Bu et al. [38] proposed an outlier detection framework for continuous trajectory streams. In this paper, based on individual passengers' 
B. Dataset
The smart card transaction dataset used in this study was collected from Shenzhen of China, a modern and big city in China. According to the government statistics, in Nov 2014, the average number of daily passengers in Shenzhen metro system is about 2.8 millions. As the smart cards could be used both by bus and metro systems, the data are mixed with both metro and bus transactions. In this paper, although we focus on metro systems, the transactions from bus can provide additional support as discussed in latter sections. Thus, instead of discarding the bus transactions, we also leverage their properties to improve our methods. The data are collected from about 4 million smart cards. In total, there exist approximately 210 million transactions from Nov 1 to Nov 30, 2014. Among the data, 41.9% are metro transactions and bus for the rest. The data format is shown in Table I . For metro systems, passengers need to swipe their smart cards when tapping-in and tapping-out, their boarding and alighting time and stations can be obtained directly. For bus passengers, they only need to tap smart card for boarding (i.e., check-in), the AFC system on buses does not save boarding location information, only bus ids, transaction time and so on. That means both of the boarding and alighting stops can not be derived directly. To derive boarding stop, we consider GPS coordinates of every bus, which is reported every 20-40 seconds, and public bus routes . Thus by matching the time stamps in AFC records and bus GPS records and then linking bus routes data, we can locate passengers boarding stations. However, when and where did the passengers get off a bus are still unknown, which is solved in Section III.
III. INDIVIDUAL'S TRAVEL PATTERN EXTRACTION
A. Individual's Travel Pattern Definition
In order to describe the process of extracting individual's travel patterns clearly, here we clarify the concept of a trip. A trip in this paper is meaning a one way journey from one activity to another for a particular purpose, such as travelling from home to workspace. A trip may consist of some journey segments defined as transfer between same modes (e.g. from one bus to another) or different modes (e.g. from bus to metro). Third, the passenger is spatio-temporally regular, which means the trips are often from one fixed station to another during relatively fixed time periods. Accordingly, we deliberate three aspects of travel patterns of a passenger : spatial patterns S, temporal patterns T , and spatio-temporal patterns R, respectively, as shown in Fig. 3 from the example in Fig. 2 .
(Temporal travel pattern T ), which means the passenger has trips during the same time period over multiply days. An example of this type of patterns is: "In 80% of the days, Tom takes metro between 8:00 a.m. to 9:00 a.m.".
(Spatial travel pattern S), which means that the passenger repeatedly visits the same O-D pairs over multiply days, like: "In 85% of the days, Tom departs from station A to station B"; (Spatio-temporal patterns R), which represents the relationship between T and S and means that the passenger repeatedly visits the same O-D pairs during same time period over multiply days, like: "In 85% of trips during 8:00 a.m. to 9:00 a.m of all days, Tom departs from station A to station B".
B. Individual' Travel Pattern Recognition
For recognizing individual passengers' travel patterns, we first filter out the passengers who rarely take metro because such passengers have insufficient information to reveal the travel patterns. In this paper, we study those passengers who have more than seven days taking metro over one month. It is worth mentioning that the threshold (seven days) can be replaced by other value, which does not influence our method.
In this following of this subsection, we first introduce how to construct the trips that belong to a specific passenger, then extract the travel patterns for the passenger.
1) Individual's Trip Construction:
We construct two types of trips for a passenger. The trips of the first type are constructed using metro transactions for analyzing the passenger's travel patterns of using metro. The trips of the second type are constructed by combining bus and metro transactions, which are used to help interpret the passenger's travel patterns of the first type. Under the condition of network operation and seamless transfer between different metro lines, the first type of trips can be obtained by joining passenger's tap-in/tap-out records. While to construct the second type of trips, we need to (1) infer the alighting time and bus station for a bus passenger; (2) link journey segments(transfer between buses or bus and metro) for the passenger to derive trips.
We infer the alighting stop for a bus passenger from the origin of the passenger's next boarding. We use For linking journey segments to derive trips, we need to consider the transfer time between two segments of a trip. Our survey reveals that more than 99% of the transfer activities in Shenzhen are less than 40 mins. So if the time difference between T D i and T O i+1 is greater than 40 mins, the two segments are divided into different trips, else the two represent a transfer activity.
Through the above steps, we can obtain the trips for each individual. A trip is associated with begin time, origin station, end time and destination station (we ignore the routes or mode changes between origin and destination. In fact the routes can also be viewed as one type of travel pattern, which is not considered in this paper and left for future work). Note that the destinations of a minor part of trips are hardly to be inferred. However, this does not have a big impact on the accuracy of the individual's travel pattern recognition and regularity or anomaly analysis. to tag time slots and counts the trips during each time slot. A time slot T i should not only be able to reflect an individual's temporal patterns, but it also shall be convenient for aggregated analysis in the following sections. Thus we use sequential, overlapped and fixed time length slots to automatically compute the patterns over the transaction data. In this paper, the length of each slot is set to 3 hours since the length of 98% trips do not exceed 2 hours in our test data in Shenzhen, China. In addition, for other reasons (such as weather), the passengers' schedule might be changed, we add 1 hour floating-time in order to cover the whole trip in the data. In the following, we explain the method for temporal pattern extraction by the three steps shown in Fig. 4 .
Step 1: We use a table H to represent the temporal travel attributes of each passenger as shown in Fig. 4 : each row represents one day and each column represents one hour (H1 denotes 06:00∼6:59, H2 denotes 7:00∼9:59, ..., H19 denotes 00:00∼00:59); each value in the table is 1 if the card of the passenger is active in the corresponding one-hour period, elsewise 0.
Step 2: This step aggregates the temporal travel attributes for each passenger. As shown in the middle part of Fig. 4 , S is the time slot sequence number, D is the active days in that slot, and F is the active hours in that slot. D and F are calculated by Equation (1) (i) and (ii), respectively. Note that D num is the total number of days in the collected dataset.
(1)
Step 3: By D and F, we sort time slots S to obtain the ordered time slots S as shown in the bottom table of Fig. 4 . Then, we compute the nonoverlap time slots S by Algorithm 1. The algorithm iterates S and add a item S i into S , where S i has no overlap with any item in S . Given S , we can obtain all ordered time slots of a passenger. The top three time slots are marked in red in the bottom table of Fig. 4 . tag ← f alse 5: for j = 0 → k do 
4) Spatio-Temporal Patterns: R:
We use a set R = {R i, j } to represent the spatio-temporal patterns of a passenger. An item R i, j indicates the relationship between the i th time slots T i in T and the j th OD pair in S, it is associated with a V -dimension boolean vector R.S and a V -dimension integer vector R.C. R.S keeps the information about whether the passenger has the trip S j during the i th time slots T i over the days in the data. R.C indicates the time cost of the corresponding trip, which is calculated by subtracting the tap-out time of the trip from the tap-in time.
IV. STATISTICAL-BASED TRAVEL PATTERN ANALYSIS
In this section, we proceed to analyze the regularity and anomaly of metro individual passengers' travel patterns using statistical-based method based on S, T , and R. 
A. Travel Pattern Regularity Analysis 1) Trip Distribution Analysis Based on Spatial Pattern S:
Base on all individual passenger's spatial patterns S, where all OD pairs are sorted by trip frequencies. We calculate the average proportion of trips of different OD pairs to total trips. The results are shown in Fig. 5 (a) . The findings show that most of the trips are focused on the top two OD pairs (ref., about 65%). The reason is that most passengers have limited active position, e.g. between home and office. If we redraw the figure in terms of logarithmic coordinates, we can get Fig. 5 (b) . The results show almost a linear line, y(x) = e −0.5075 * x−0.4158 , which means that the number of trips of different OD pairs belongs to an exponential distribution. That's means most passengers will have a high proportion activity in a small area under the physical constrain.
2) Trips Distribution Analysis Based on Temporal Pattern T :
Given all individual passenger's temporal patterns T where all time slots of a passenger are sorted by trip frequency. We calculate the average proportion of trips during different time slots of T . The results are shown in Fig. 6 (a) , where X-axis represents the ordered time slots, Y-axis represents the proportions of trips during the time slots. The findings show that most of trips concentrated in the top two time slots, during which the sum of trips reaches 80%. That's because most passengers have regular life and schedule, e.g. everyday they leave home for work during a fixed time slot and go back home during another fixed time slot. If using logarithmic coordinates, we can get Fig. 6 (b) . The time-trips relation is almost linear. The equation is y(x) = e −0.5100 * x−0.3987 . According to the maximum entropy principle, it belongs to an exponential distribution. It also means that due to life regularity constrains, most people have trips in regular time.
3) Relationship Between T and S: Based on the relationship R between the time slots and the visited OD pairs of each passenger, we calculate the average proportion of trips of different OD pairs during the first four time slots in T , as shown in Fig. 7 . The findings show that passengers mostly travel with one OD pair (ref., more than 60%). Particularly, in the first time slot, the percentage is almost 80%, which indicates that passengers are spatio-temporally regular. In other words, they frequently travel the same OD pairs in the relatively fixed time slots. Fig. 8 (a) shows the number of passengers of each OD pair. In the figure, a station is indicated by a unique number (x axis represents origin, and y axis represents destination), and the size of a point represents the number of passengers of the corresponding OD pair (the bigger the more). From Fig. 8 (a) , we have the following two findings.
B. Anomaly Detection From Empirical Knowledge
1) OD Pair Based Anomaly Analysis:
First, without considering the special point marked by a red rectangular, the points in Fig. 8 (a) are almost symmetric along the diagonal. It means that the total number of passengers from a station to another is almost the same with that of opposite direction. The special point represents the passengers from station FuTianKouAn to Luohu, both of which are large public transport junctions in Shenzhen. The passengers between them are mostly transferring passengers, which yields an anomaly behavior of passengers.
Second, we can find that there are some points falling on the diagonal, which means that some passengers tap-in and tap-out from the same stations (we have filtered out the smart card transactions of metro staffs). If a passenger often performs such a behavior, the passenger is considered to be abnormal. Note that our hypothesis is that if the number of such trips of a passenger is greater than a threshold, the passenger is abnormal. We show the cumulative distribution of these passengers versus the number of such trips, as shown in Fig. 8 (b) . Almost 95% passengers have less than five such trips. In this paper, we set the confident level to 95% (often used in statistics) or set the ϕ to 5, that means we set the top 5% of these passengers who are with the topmost such trips as spatial anomaly passengers. For the spatial anomaly passengers, we are to explain in the Section V.
2) Time Cost Based Anomaly Analysis: The time costs of various trips of same OD pair may be different. The expected maximum time L from one station to another can be estimated. Assume the minimum time from A to B is L1, which can be obtained by calculating the minimum time cost of all the trips of the OD pair. The longest waiting time is L2 and an assigned error L3 is set to half hour in this paper. Then L can be calculated by summing up the three: L = L1+L2+L3. The expected maximum time cost versus actual time cost is shown in Fig. 9 (a) . We can find that there are some trips falling above the blue line x = y. That means there are some trips with time cost longer than the maximum value. Similar to the method for OD pair-based anomaly detection, if the number of such trips is more than a threshold φ, the passenger is abnormal, otherwise isn't. We show the cumulative distribution of passengers versus the total number of such trips, as shown in Fig. 9 (b) . Almost 95% passengers have less than five such trips. In this paper, we set the confidence level to 95% or φ = 5. That means if a passenger who has more than five such trips, the passenger shall be a time cost anomaly, otherwise normal. We will give explanation for these abnormal passengers in the following Section V . Fig. 10 shows the distribution of trips in respect of time of six special passengers over one month. We can find that the three passengers shown in Fig. 10 (a-c) are similar: they all have two peak time slots. Meanwhile, the three passengers in Fig. 10 (d-f) are similar: they all have one peak time slot. To find the similar passengers is important for metro companies to provide better services or market. Thus in this subsection, we present our method to automatically cluster passengers into groups by temporal patterns.
V. CLUSTERING-BASED TRAVEL PATTERN ANALYSIS
A. Passenger Clustering Based on Temporal Patterns
1) Temporal Patterns From Metro Data:
For the temporal patterns of a passenger T , if the length of each slot T i is set to 3 hours, we can get at most 8 time slots in a day. However, most of passengers mainly travel in two or three slots. In order to increase effectiveness of our cluster algorithm and avoid dimension disaster, we only select the top n slots for each passenger. The selection is based on two aspects. First, the chosen n features should convey temporal information as much as possible. Second, the n value should be as small as possible to improve the scalability of the following analysis. Similarly, we select the top n OD pairs for spatial parameters for spatial analysis in the following subsection V-B. In Fig.6 (a) and Fig.5 (a) , we get that when n = 4, both the trip proportions of the first 4 OD pairs and the first four time slots exceed 85%, which is sufficient for analyzing passenger's travel regularity. As analyzed in section IV-A, due to physical and life regularity constraints, most passengers have most of activities in a small area during few time slots, so we set n to 4 in this paper.
Next, we use K-means algorithm and city-block distance measure to cluster passengers based on the 4-dimensional temporal features: Ft 1 , Ft 2 , Ft 3 , Ft 4 . For a passenger, Ft i is the proportion of active days during the i th time slot T i to the total. We use average silhouette coefficient [39] to determine the number of groups. The silhouette coefficient value is used to measure of how similar a passenger is to the cluster (cohesion) compared to others (separation). For the i th passenger, the silhouette coefficient is calculated by
, where a i is the average dissimilarity of the i th passenger with all other passengers within the same cluster. b i is the lowest average dissimilarity of i th passenger to any other cluster. The silhouette coefficient is in [−1, 1], where a large value indicates that the passenger is well matched to the cluster and poorly matched to others. From Fig. 11 , we find that when k = 4, silhouette coefficient is optimal. Thus, we obtain 4 groups: TGrp 1, TGrp 2, TGrp 3, and TGrp 4.
We plot the cluster centers of the 4 groups in Fig. 12 . The results show that passengers in TGrp 1 have one dominant time slot; passengers in TGrp 2 have two dominant time slots; the time slots in TGrp 3 from the biggest to the smallest have similar gap; and the time slots have no significant difference in TGrp 4 and all are relatively small. The four groups have Specifically, consider TGrp 2, the passengers regularly travel at two certain periods by metro. For each period, the number of active days is more than 80% of all their own active days. Our investigation shows this group contains passengers who regularly commute back and forth to work or other activities during the morning and evening peaks.
The TGrp 1 passengers regularly travel in one certain period by metro. During the period the number of active days is more than 85%. A question may arise, if they go to work by metro, how do they go back home? or vice versa, how do they go to work? There are few possibilities: by bus or taxi. Furthermore, there is no distinct temporal regularity for TGrp 3 and TGrp 4. In order to understand the passengers' temporal pattern, we incorporate bus data to analyze in the following section.
2) Temporal Patterns From Metro and Bus Data:
By incorporating bus data, we can better understand the above question. With bus data, we re-cluster all passengers using the same cluster centers and the 4 new groups are denoted as BTGrp 1, BTGrp 2, BTGrp 3 and BTGrp 4. They have 6.08%, 48.75%, 42.17%, 3.00% of the total passengers, respectively.
We match the passengers to both TGrp and BTGrp in Table II . For the 15.83% passengers in TGrp 1, 7.78% move to BTGrp 2: though metro is faster and punctual, but it is more expensive than bus; to save money, some passengers take metro in one trip and return by bus. There are still 5.48% passengers remain in BTGrp 1: they could be divided into two categories, those who finished a round trip in three hours and those who chose other transportation tools instead of bus or metro, such as shuttles or taxi. Fig. 13 shows the distribution of the first time slot T 1 between TGrp 1 and BTGrp 1. As we can see, both curves have remarkable AM and PM peak hours; there is a remarkable reduce in the number of passengers in BTGrp 1 compared with TGrp 1, especially in AM and PM peak hours. It suggests that most of the passengers move from TGrp 1 to BTGrp 2 are traveling during peak hours. Not surprisingly, nearly all the TGrp 2 passengers (i.e., 31.7%) fall into BTGrp 2; Fig. 14 shows the joint probability distribution of the first and second time slots T 1 and T 2 of the passengers in TGrp 2 and BTGrp 2. As we can see, the number of passengers traveling during AM and PM peak hours increases from 22% to 37% after being reclassified. The results verify that most passengers travel in two certain periods, e.g., forth and back to work or other activities. We also notice that there are some passengers who also regularly travel during two certain periods, but not during peak hours. The possible reason is that these passengers normally work shifts, such as as regular evening, rotating shift, or some other schedule.
In Table II , for the 27.11% TGrp 3 passengers, most of them (i.e., 23.52%) fall into TGrp 3. The passengers mainly rely on metro for round trips, but the travel time of them is irregular. Our investigation shows that some of them often work overtime or have a lot of leisure activities. A small portion of passengers (i.e., 3.55%) fall into TGrp 2. The passengers regularly travel during two certain periods by metro or bus.
In Table II in BSGrp 2, which may suggest that most of these passengers are commuters who take a home-to-work trip.
C. Relationship Between SGrps and TGrps
The conditional probability of SGrp given TGrp is shown in group SGrp 1, SGrp 2, and SGrp 4. TGrp 3 is correlated with both SGrp 3 and SGrp 4. The implication is that most passengers in group 1 and 2 are spatio-temporally regular; most passengers in group 3 are relatively spatio-temporally regular; as a comparison, most passengers in group 4 are irregular in terms of both time and space. To find the reason for the passengers take metro in one trip and return by bus, we do the following analysis. First, we select two classes of passengers as shown in Table V . Class-1 represents those who are spatio-temporal regularly and take metro in one trip and take bus in the other, and class-2 represents those who take metro in round trips. Note that we have temporal label TGrp, extended temporal label BTGrp (combining with bus data), and spatial label SGrp and extended spatial label BSGrp. The comparison of average costs and travel times in five weekdays are shown in Fig. 16 . The results show that the first class is less than the second class by cost and travel time. Taking metro is higher than taking bus in Shenzhen, and nearer distance from source to destination is in general more easily to find a direct bus for easy transportation. Thus, by economic reasons, some passengers may choose bus instead of metro. 
D. Clustering-Based Anomaly Detection
In this section, we use a clustering-based anomaly detection method to find outlier passengers. Clustering based anomaly detection relies on the assumption that normal data instances lie close to their closest cluster centroids, while anomalies are far away from their closest cluster centroids. This technique consist of two steps: first, the data is clustered using a clustering algorithm; second, for each data instance, its distance to its closest cluster centroid is calculated as its anomaly score. Based on the result in section V-A, which cluster metro passengers based on temporal patterns, we can obtain the anomaly score for each passenger. According to anomaly scores, we choose the top 50 passengers, and the temporal features Ft 1 , Ft 2 , Ft 3 , Ft 4 of them are shown in Fig. 17 . We observe that almost all of them regularly travel by metro during four time slots. For each slot, the proportion of active days is more than 85%. We further calculate the average travel time a day for these passengers and the result is about 8 hours, which is far more than that of normal passengers with 2 hours travel time a day on average.
Till now, we have found three categories of anomaly passengers. The first category contains the passengers, whose origin and destination stations of the trips are usually the same. The second category is those, the time cost of whose trips are usually longer than the expected maximum value. The third category is the passengers whose average travel time a day is far longer than the normal passengers. For understanding these anomaly passengers, we conduct the following surveys to verify the findings.
1) Field Investigation:
We consulted metro staffs, who observed that some logistics company staffs delivering packages by metro, usually bring packages to the nearest metro station to destination, and then they pass the packages to others who wait outside the fare gates of the station. Hereby, they do not need to tap-out at the station and tap-in again. By the method, within the maximum trip length (i.e., 3 hours), such a passenger only needs to pay the minimum fare by taping out from the tap-in station. We further consulted logistics company staffs who verify the observation of the metro staffs, and some of them need to work inside metro system longer than 8 hours. Therefore, their temporal patterns should be different with normal passengers. Additionally, there also exist homeless people and accompanying passengers.
2) Support From Actual Data: We have 55 thefts passengers' smart card IDs from public security department. We find that there are 15 of them belonging to at least one category of abnormal passengers in this study, 9 of them belonging to the first category, 7 of them belonging to the second category; 4 of them belonging to the third category.
Thus, these anomaly passengers may be logistics company staff, homeless passengers, thefts, and accompanying passengers. We leave further analysis for these passengers in the future work.
VI. CONCLUSION
In this paper, we study individuals general travel style and regularity travel patterns in metro system. Concretely, we first investigate individual¡¯travel patterns in terms of space and time and we propose the method to retrieve the patterns based on the history smart card transaction data. Then in terms of anomaly detection and regularity discovery, we use statisticalbased and clustering-based methods to understand the passengers' travel patterns. We have some important discoveries. For instance, if a passenger is temporally regular, it is very possible that the passenger is also spatially regular. We find that there are some passengers taking metro in one trip and return by bus, it is of importance to understand passenger¡¯s transportation mode choice behavior. We also find some outlier passengers with travel patterns different with general passengers. All of these discoveries is important for transportation researchers to improve metro services.
In near future, we will consider more factors such as passenger types (regular, student, staff), route choice (there may be several routes connecting two stops) to perform further analysis on individual passengers¡¯travel patterns, and build a complete system to distinguish a special type of anomaly passengers from normal passengers. In addition, we plan to apply our research results in real applications, such as personalized scheduling and route recommending.
